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We investigated whether correlation measures derived from pairs of motor unit (MU) spike trains are reliable 
indicators of the degree of common synaptic input to motor neurons. Several 50-s isometric contractions of the 
biceps brachii muscle were performed at different target forces ranging from 10 to 30% of the maximal 
voluntary contraction (MVC) relying on force feedback. 48 pairs of MUs were examined at various force levels. 
Motor unit synchrony was assessed by cross-correlation analysis using three indices: the output correlation as 
the peak of the cross-histogram (ρ), the number of synchronous spikes per second (CIS), and per trigger (E). 
Individual analysis of MU pairs revealed that ρ, CIS, and E were most often positively associated to discharge 
rate (87, 85, and 76% of the MU pairs, respectively) and negatively to inter-spike interval variability (69, 65, 
and 62% of the MU pairs, respectively). Moreover, the behaviour of synchronization indices with discharge rate 
(and inter-spike interval variability) varied greatly among the MU pairs. These results were consistent with 
theoretical predictions, which showed that the output correlation between pairs of spike trains depends on the 
statistics of the input current and motor neuron intrinsic properties that differ for different motor neuron pairs. In 
conclusion, the synchronization between MU firing trains is necessarily caused by the (functional) common 
input to motor neurons, but it is not possible to infer the degree of shared common input to a pair of motor 
neurons based on correlation measures of their output spike trains. 
 
 









New & Noteworthy 
The strength of correlation between output spike trains is only poorly associated with the degree of common 
input to the population of motor neurons 
 
The synchronization between motor unit firing trains is necessarily caused by the (functional) common input to 
motor neurons, but it is not possible to infer the degree of shared common input to a pair of motor neurons 





 During sustained contractions, motor neurons receive both common and independent synaptic inputs from 
presynaptic neurons and supraspinal centers (Ishizuka et al. 1979; Lawrence et al. 1985; Lemon 2008). The joint 
occurrence of excitatory post-synaptic potentials generated by branching common inputs alter the membrane 
potentials of different motor neurons in a correlated way, momentarily raising the joint probability of firing 
concurrently (Sears and Stagg, 1976; Kirkwood and Sears 1978; Farmer et al. 1993). As a result, there is a 
tendency for pairs of motor units (MUs) to discharge within a few milliseconds of one another, which has been 
termed short-term synchronization. The cortico-spinal pathway is considered as the main generator of 
synchronizing inputs, but there are other contributing sources, such as the spinal inhibitory interneurons 
(Kirwood et al. 1982). Therefore, measurements of the amount of shared input would provide valuable 
information about the connectivity between the motor neuron pool and spinal or cortical networks. However, 
direct quantification of the strength of common input that the motor neurons receive has not yet proved feasible. 
Rather, shared input is normally estimated indirectly by analysing the output behaviour of motor neurons, i.e. 
the discharge timings of the corresponding MUs. 
 
 Traditional methods for estimating the amount of common input to the motor neuron pool are commonly 
based on the assessment of correlation between pairs of output spike trains discharged by MUs (Ellaway 1978; 
Nordstrom et al. 1992). The main assumption of these methods is that the correlation between output spike 
trains is an invariant index of the degree of common input that the motor neurons receive (see Kirkwood et al. 
1979 for a review). This assumption, however, is invalid since the output correlation does not only depend on 
the input correlation, but it is also a function of the mean and variance of the current injected into the neuron (de 
la Rocha et al. 2007). Since the statistics of this input current cannot be reliably estimated in vivo, the relation 
between the output (measured) correlation and input (actual) correlation is uncertain. 
 
 An important consequence of the dependence of the output correlation strength on the statistics of the synaptic 
input current is that the correlation measures between output spike trains depend on the discharge rate, even for 
a constant degree of correlation of synaptic input (Negro and Farina 2012). Although the importance of the bias 
introduced by the discharge rate has been acknowledged by several authors (Schmied et al 1994; Semmler et al., 
2004), its specific effect has not yet fully recognized as an intrinsic feature (and limitation) of the correlation 
measures and so it remains poorly understood. For example, it is often assumed that the effect of discharge rate 
can be removed by applying normalizing methods to the correlation indices (Türker and Powers 2001; Schmied 
and Descarreaux 2010). However, normalization cannot suppress completely the discharge rate effect. The 
reason is that the oscillations of the synaptic current are not correctly reconstructed due to the low discharge 
rates of alpha motor neurons (for details see Negro and Farina, 2012). As a result, a deficient “transmission” of 
the synaptic input current by individual motor neurons occurs. The implication is that it is impossible to judge 
whether the changes in the output correlation measures are due primarily to actual variations in the input 
correlation strength or to variations in the statistics and amount of synaptic current. 
 
 
 An additional confounding factor that complicates the estimate of input correlation is the variability of the 
inter-spike interval (ISI) (see the theoretical analysis in the Methods section). This factor may change depending 
on the experimental conditions in which synchronization is investigated. In experiments with visual and/or 
auditory feedback of at least one of the activated MUs (Datta and Stephens 1990; Nordstrom et al. 1992; 
Christou et al. 2007), the variability of the ISI is indeed usually greater than in behavioural tasks with force 
feedback, in which the subjects are not aware of the MU activity underlying force production (Fling et al. 2009: 
Schmied and Descarreaux 2010; Negro and Farina 2012). Moreover, the correlation between MU discharges 
may be altered by feedback on individual MUs and therefore may not represent the natural conditions (Mori, 
1975; Kamen and Roy, 2000). Finally, ISI variability also depends on the synaptic input current (de la Rocha et 
al. 2007) and, as a result, its effect on the output correlation cannot be easily removed. 
 
 The complex non-linear nature of the relation between the output (measured) correlation and input (actual) 
correlation has led to a debate on the existence of common input. For example, recently, Kline and De Luca 
(2016) argued that synchronicity of MU activation may not be caused by common inputs to motor neurons; 
rather, they judged synchronization as an epiphenomenon, due to unknown neural interactions. This conclusion 
was also based on a previous observation by the same authors that, when analysed with rigorous statistical 
methods, only a relatively small portion of MU pairs actually showed a significant correlation of their spike 
trains (De Luca and Kline, 2014). With the present study, however, we provide evidence that the output 
correlation between pairs of spike trains is not strongly associated to, despite being caused by, common input. 
Therefore, lack of correlation in output spike trains for a pair of MUs does not necessarily imply lack of 
common input between the corresponding motor neurons. It is underlined that we consider here functional 
common input, i.e. the correlation between inputs to different neurons, which is not necessarily structural, i.e. 
the correlation may be generated by different sources rather than due to anatomical common projections. We 
maintain this assumption since any measures of correlation between MU spike trains cannot identify the way in 
which common input is generated. 
 
 We report the theoretical fundamentals of the relation between the correlation in synaptic input and the 
correlation between pairs of MU discharge timings. These theoretical derivations are then verified 
experimentally by analysing the dependence of the output correlation on discharge rate and ISI variability. The 
experimentally identified relations as well as the large variability in correlation measures observed among 
different MU pairs confirmed the theoretical analysis. Moreover, individual and group analysis of MU pairs 
indicated that the output correlation between pairs of spike trains is a reflection of common input to motor 
neurons, although common input and output correlation are not linearly related. The results showed that 
correlation measures estimated from pairs of MU spike trains are not reliable indicators of the actual level of 
correlation in synaptic input. 
 
2 MATERIAL AND METHODS 
2.1 Theory 
 A mathematical expression has been previously proposed to relate the strength of common synaptic input and 
the correlation between output spike trains in cortical neurons (de la Rocha et al. 2007). According to this 






where c, μi, and σi are the input correlation, the mean, and the standard deviation of the synaptic input current, 
respectively, for each motor neuron i. ξi(t), and ξc(t) represents realizations of independent and common 
Gaussian noises, respectively. According to Eq. (1), the input correlation can be interpreted as the proportion of 
variance of a common synaptic input that is shared by different motor neurons. As described by de la Rocha et 
al. (2007), the output correlation between spike trains of two neurons (ρ) is associated to the correlation in their 







where μ and σ are, respectively, the mean and the standard deviation of the input current, DR and CoV_ISI are, 





 indicates the first derivative of discharge rate with respect to the mean input current. 
 
 The synchronization indices proposed in the literature, extracted from pairs of MU discharge timings, provide 
estimates of the output correlation (ρ) whereas the input correlation c is not accessible. Eq. (2) indicates the 
association between the variable that can be directly estimated (ρ) and the actual input correlation (c), which is 
the unknown physiological strength of common input (Fig. 1). This equation shows that the estimate ρ depends 
on several parameters other than c and, as a result, ρ is not an invariant index of the input correlation c (i.e., an 
increases of c is not necessarily followed by an increase in ρ). In particular, the estimate ρ depends on the 
statistics of the input current (μ and σ) as well as on the discharge rate and ISI variability (DR and CoV_ISI). 
Because the statistics of the input current cannot be reliably measured in vivo, an intrinsic uncertainty exists in 
the relation between ρ (measured correlation) and c (actual input correlation). Nonetheless, Eq. (2) also indicates 
























that ρ is different from zero only if c is different from zero. Therefore, the observation of correlation between 
output spike trains necessarily implies a non-zero proportion of common input. 
 
 In Eq. (2) the output correlation is expressed as the product of a scaling factor S(DR) and the input correlation. 
This scaling factor highlights that the dependence of the output correlation on the discharge rate is a 
consequence of the spiking nature of the neurons, specifically of the inability of motor neurons to “sample” (i.e., 
to follow) correctly the oscillations of the synaptic current. This results in an intrinsic dependency of the 
correlation measures on the discharge rates of motor neurons (Negro and Farina 2011; Negro and Farina 2012). 
Two common indices of output correlation, the Common Input Strength (CIS) and the Synchronous Impulse 







where S’(DR) and S’’(DR) are the scaling factors that are obtained by the normalization applied to the two 
indices [see Nordstrom et al. (1992) and Data and Stephens (1990), respectively]. 
 
▬ FIGURE 1 about here ▬ 
 
 In the experimental part of this study we aimed at validating experimentally the theoretical derivations of Eqs. 
(2-4) by studying the dependency of the output correlation (estimated as ρ, CIS, and E) on measurable MU 
properties, specifically discharge rate and ISI variability. It was hypothesized that (1) the three correlation 
indices studied here will show significant associations with discharge rate and ISI variability and that (2) these 
associations will vary substantially from one MU pair to another. If these hypotheses were confirmed, it would 
imply that inferring the strength of common input from MU pairs is not appropriate. 
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 Ten healthy subjects (nine men and one woman) participated in the study (mean ± SD, age: 29.2 ± 3.4 years; 
height: 173 ± 6 cm; weight: 71 ± 7 kg; mean thickness of the subcutaneous layer over the biceps brachii, as 
estimated by ultrasonography: 5 ± 1 mm). None of the subjects reported symptoms of neuromuscular or 
ligament disorders. The study was conducted in accordance with the Declaration of Helsinki and approved by 
the local Ethics Committee of the Region North Jylland, Denmark; prior written informed consent was 
obtained from all participants. 
 
Procedures 
 Participants were seated comfortably in an adjustable chair with their right arm constrained in a device 
designed to measure isometric elbow flexion force. During the contractions, the elbow rested on a support and 
was flexed at 90º, and flexion forces were exerted in the sagittal plane. The forearm was secured in place by two 
wide Velcro straps so that it remained in a supinated position throughout the experiment. Visual feedback on the 
elbow flexion force was provided on an oscilloscope. 
 The maximal voluntary contraction (MVC) torque in flexion was recorded three times with 3-min rests in 
between MVCs. The highest MVC measure was the reference for the definition of submaximal torque 
contraction levels. After the MVC measure, intramuscular and surface electrodes for electromyogram (EMG) 
signal detection were mounted on the right biceps brachii, as described below. The elbow flexion force was 
displayed on-line on an oscilloscope facing the subject. The subjects were asked to sustain the force level on a 
target that was visually presented as a horizontal line at the mid level of the oscilloscope screen. Isometric 
contractions of 60-s duration were performed at target forces of 10, 15, 20, 25, and 30% MVC. The force target 
was adjusted in random order between the lowest and the highest levels of force. A 2-min resting period was 
allowed between contractions to minimize the influence of fatigue. Contraction levels greater than 30% were 
avoided as they normally corresponded to high levels of MU activation, thereby compromising the reliability of 
the MU discrimination process from the intramuscular EMG signals. The total elbow flexion force was 
presented to the subjects without any feedback of MU discharge rate. 
 
EMG recordings 
 Surface and intramuscular EMG signals were recorded concurrently from the long head of the right biceps 
brachii muscle. The intramuscular EMG signal was used to detect the discharge times of individual MUs and 
this information was used to obtain the corresponding surface MUPs by spike-triggered averaging on the raw 
surface EMG signal. 
 
 Surface EMG signals were recorded by a two-dimensional (2D) adhesive grid (SPES Medica, Salerno, Italy) 
of 13 × 5 electrodes (each of 1-mm diameter and with an inter-electrode distance of 8 mm). To determine an 
optimal placement of the 2D grid, the position of the innervation zone and tendon regions were detected with 
 
the assistance of a linear non-adhesive grid. The 2D grid was then located between the proximal and distal 
tendons of the biceps brachii, with the electrode columns (comprising 13 electrodes) oriented along the muscle 
fibers and with the seventh row approximately coinciding with the innervation zone (for details, see Rodriguez-
Falces et al. 2013). In order to leave space for the insertion of the intramuscular needles, an opening was made 
in the grid at the level of the sixth row. Surface EMG signals were detected in monopolar configuration and 
amplified (EMG amplifier, EMG-USB, OT Bioelettronica, Torino; bandwidth 10–500 Hz; gain 1000), sampled 
at 2048 Hz, and stored after 12-bit analog-to-digital conversion. Recording of surface EMG signals allowed to 
extract the representation of each MUP on the 2D grid, which provided valuable information to verify that the 
same MU was analysed across different force levels (see below). 
 
 Single motor unit action potentials were recorded from the right biceps brachii muscle with Teflon-coated 
stainless steel wires (diameter 0.1 mm; A-M Systems, Carlsborg, WA) inserted into the muscle with 25-gauge 
hypodermic needles. To increase the sampling size of the MU population, two needles of different lengths (15 
mm and 25 mm) were inserted approximately 10 mm apart in the transverse direction in the proximal portion of 
the muscle. To further increase the number of detected MUs, three wire electrodes made of Teflon-coated 
stainless steel (A-M Systems, Carlsborg, WA) were mounted inside each needle. Approximately 1-2 mm of 
each wire was un-insulated at the tip to detect intramuscular EMG signals. Needles were removed and the wire 
bundle remained lodged inside the muscle. For each needle, the two bipolar intramuscular EMG signals were 
amplified (Counterpoint EMG, Dantec Medical, Skovlunde, Denmark, gain 500), band-pass filtered (500 Hz to 
5 kHz), and sampled at 10 kHz. The position of the wires was slightly adjusted before starting the recordings 
and when the signal quality was poor, which occurred rarely, new wires were inserted. 
 
Single motor unit analysis 
 Intramuscular EMG signals were decomposed into MU discharge trains by the use of an interactive 
decomposition algorithm, EMGLAB (McGill et al. 2005), which includes a user interface for manually editing 
and verifying the accuracy of the spike trains. Once automatic discrimination was completed, each MU spike 
train was manually edited by an experienced operator and inspected for checking potential discrimination errors. 
Specifically, all very long (>250 ms) or short (<20 ms) ISIs were inspected and excluded if decomposition 
errors were identified. From the decomposition analysis, spike trains of individual MUs were obtained with a 
sampling rate of 1000 Hz. 
 
 
 Intramuscular EMG signals were decomposed into MU discharge trains by the use of an interactive 
decomposition algorithm, EMGLAB (McGill et al. 2005), which includes a user interface for manually editing 
and verifying the accuracy of the spike trains. Once automatic discrimination was completed, each MU spike 
train was manually edited by an experienced operator and inspected for checking potential discrimination errors. 
These decomposition errors were detected by checking the residual (i.e. the signal that remains after the 
 
templates of the identified MUAPs have been subtracted from the interferential signal) of the intramuscular 
EMG signal. The software used for the decomposition provided the possibility to check visually the accuracy of 
the identification by comparing the original EMG signal and the residual after the subtraction of the identified 
MUAPs. This procedure was performed until the residual was comparable to the baseline noise level of the 
signal. When the power of the residual signal was not at noise level, which occurred rarely (1.9 ± 0.4 % of the 
identified discharges), it was assumed that decomposition errors were present and these instances were manually 
inspected. This manual check for decomposition errors was thus irrespective of the value of the estimated ISI. In 
most cases, the inspected decomposition errors corresponded to discharges with ISI >250 ms or <20 ms.  
 
 To ensure that the same MU was being tested throughout the different levels of force, the reproducibility of 
size and shape of the associated intramuscular and surface MUPs was examined. For the intramuscular MUPs 
evaluation, the potential averaged across the recording period at a given force level was calculated and 
compared with the average potentials obtained at other force levels using cross-correlation analysis [see Fig. 
2(b) and (c) for an example]. Only MUs that showed intramuscular MUPs across different force levels with a 
peak of the cross-correlation function greater than 0.85 were accepted for further analysis. As for the surface 
MUP evaluation, the representation of the MU over the skin surface was extracted by the spike-triggered 
averaging technique using events of the MU spike trains as triggers throughout each of the recording periods. 
The similarity between surface MUPs extracted at different force levels was also verified by cross-correlation 
analysis with a minimum threshold of 0.85. 
 
 Motor unit spike trains were characterized by computing the average discharge rate in successive, non-
overlapping, 5-s intervals. The mean value of discharge rate for a given MU spike train was then calculated as 
the average across each of the 5-s steps. The discharge rate for a given MU pair was calculated as the geometric 
mean of the discharge rates of the associated MU trains. The variability of the interspike interval for a given 
MU spike train was determined by calculating the coefficient of variation of the interspike intervals measured 
over the 5-s steps. Then, the CoV_ISI for a given MU pair was computed as the geometric mean of the 
interspike interval variability of the corresponding MU trains. ISIs longer than 250 ms were considered as 




 The magnitude of synchronization was quantified using the cross-correlation function of the raw spike trains 
(equivalent to a bin width of 1 ms duration, given a sampling frequency of 1000 Hz) (Nordstrom et al. 1992). 
For each MU pair, the cross-correlation histogram was built by comparing each discharge time of the reference 
MU with all discharge times of the other unit within ± 100 ms [Fig. 2(d)]. As in previous studies (Semmler et al. 
2004), the MU discharging at the lower rate was considered the reference MU. The cumulative sum (CUSUM) 
technique (Ellaway 1978), which consists of detecting the rising inflection occurring in the central region of the 
 
CUSUM function, was used to determine the location of the peak of the histograms [Fig. 2(d)]. The baseline of 
the histogram, computed as the average over the first 50 bins, represented the number of counts expected by 
chance, whereas the magnitude of the peak, calculated as the number of counts in the peak above the baseline, 
indicated the amount of synchronous firings. Histograms with a peak count less than 4 were not analysed 
(Semmler et al. 1997). 
 
The strength of short-term synchronization in MU spike trains, as classically defined, was evaluated on the basis 
of the cross-correlogram peak magnitude by means of three indices, namely, the output correlation (ρ), the 
Common Input Strength (CIS, Nordstrom et al. 1992), and the Synchronous Impulse Probability (E, Datta and 
Stephens 1990). The CIS index was computed as the number of synchronous discharges of the MU pair in 
excess of chance, divided by the duration of the analysed interval, whereas the E index was defined as the 




 Statistical analysis was performed to examine the dependence of synchronization measures on discharge rate, 
on the difference in discharge rate between motor neurons in a pair, and on ISI variability (CoV_ISI). Statistical 
tests were performed separately for each MU pair as well as for the pooled data from all MU pairs. For the 
individual MU pairs examination, linear regression analysis was performed and the Pearson correlation 
coefficient (R), to assess the degree of correlation between the above variables, was computed. 
 For the aggregate data from all MU pairs, linear regression analysis was also performed to assess the degree of 
correlation between the MU synchronization indices and discharge rate, the difference in discharge rate between 
motor neurons, and CoV_ISI. In this pooled analysis, the data of the average discharge rate and CoV_ISI 
associated to each of the MU pairs obtained at the different force levels, together with the corresponding 
synchronization indices (ρ, CIS, and E), were included. To elucidate possible trends observed with linear 
regression analysis for each MU pair, synchronization values corresponding to the lowest and highest discharge 
rate, contraction level, and CoV_ISI were computed. Differences in the MU synchronization indices assessed at 
maximum and minimum discharge rate, contraction level, and CoV_ISI were compared by Student’s paired t-
tests (two-tailed) across the whole the population of MU pairs identified. In addition, multiple regression 
analysis was performed, where the dependent variables were the synchronization indices (ρ, CIS, and E) and the 
independent variables were discharge rate, the difference in discharge rate between motor neurons, and 
CoV_ISI. In addition, the degree of association among the studied synchronization indices (ρ, CIS, and E) was 
also assessed. Significance was accepted for P values smaller than 0.05. 
 
3. RESULTS 
 A total of 61 pairs of MUs were identified for at least 3 force levels (ranging from 10% to 30% MVC). 
Thirteen MU pairs were, however, excluded because of excessive variability in their associated intramuscular 
MUPs across the force levels tested. Among the 48 remaining MU pairs, 24 were tracked across 3 contraction 
levels, 18 were followed over 4 levels, and 6 MU pairs could be identified across 5 force levels. A total of 174 
recording sequences with durations of 38 ± 6 s were analysed for extracting the corresponding MU discharge 
timings. The average number of triggers per MU train was 480 ± 17. Among the 174 cross-correlograms 
analysed, only 12 did not exhibit a central peak (7.0%). These “flat” cross-correlograms were found in equal 
proportion throughout all force levels. The average width of the peaks was 8.97 (3.3) ms. 
 
 Figure 2 shows the surface EMG signals [Fig. 2(a)] and discharge rates of a pair of MUs, MU1 and MU2 
[Figs. 2(b) and (c), respectively], during 60-s isometric contractions at five contraction forces from 10% to 30% 
MVC. The intramuscular action potential associated to each firing train is shown above the discharge rate plot 
in order to provide evidence that the same MU was presumably detected across the five contraction forces. 
Matching between the shapes of the multi-channel surface MUPs corresponding to different force levels was 
additionally performed to provide more certainty in the identification of the MU. Fig. 2(e) shows the average 
discharge rates of MU1 and MU2 as a function of force level. In this example, there was an increase in 
discharge rate with increasing contraction force, although this increase was not monotonic (discharge rate was 
greater at 15% than at 20% MVC). 
 
 For each contraction level, the cross-correlation histogram and the associated CUSUM diagram between the 
firing trains of MU1 and MU2 were constructed to determine the degree of synchronization between the two 
MUs [Fig. 2(d)]. The histograms had an oscillating baseline which exhibited a peak centred at time lag = 0 ms. 
The width of this peak was determined by the steep rising phase of the CUSUM diagram. The magnitude of the 
peak gave an indication of how many times MU1 discharged in synchrony (i.e., above the number expected by 
chance) with MU2. The estimated synchronization between MU1 and MU2 increased with discharge rate, 
although this increase was not monotonic [Fig. 2(f)]. In addition, in this example, the synchronization between 
MU1 and MU2 tended to decrease as the coefficient of variation of the interspike-intervals (CoV_ISI) of their 
associated discharge trains increased [Fig. 2(g)]. 
 
▬ FIGURE 2 about here ▬ 
 
 Over the population of tracked MUs, the increase in contraction force corresponded to an increase in 
excitatory drive to the motor neurons. Fig. 3(a) shows the motor neuron discharge rate as a function of force for 
the 48 MUs tracked, and Fig. 3(c) reports the changes in EMG RMS with force for the 10 subjects. Increasing 
the force level was associated with rises in the EMG activity and increases in the discharge rates of most MUs, 
 
thereby reflecting greater excitatory drive. Note also that CoV_ISI tended to decrease with increasing 
contraction force [Fig. 3(b)]. 
 
▬ FIGURE 3 about here ▬ 
 
Analysis of individual MU pair data 
 Fig. 4 shows the variation of output correlation (ρ) as a function of discharge rate (first row) and CoV_ISI 
(second row) for MU pairs tracked across 3, 4, and 5 force levels. Although the changes of ρ with discharge rate 
showed a large variability among MU pairs, a positive relation between ρ and discharge rate was found for 87% 
of the pairs examined. Conversely, the output correlation tended to decrease with CoV_ISI (69% of the pairs). 
 
▬ FIGURE 4 about here ▬ 
 
 The dependence of synchronization indices on the discharge rate was examined separately for each of the MU 
pairs. Fig. 5 shows the CIS values as a function of discharge rate for each of the 48 MUs tracked (first row), 
together with their associated linear regression lines (second row). Although the behaviour of CIS with 
discharge rate varied greatly among MU pairs, in general, a positive relation existed between these two variables 
(85% of the MU pairs). Note that, in most instances, the changes in CIS were not monotonic, i.e., CIS did not 
co-vary consistently with discharge rate. In addition, there was a large variability in CIS values between MU 
pairs. The variability in the CIS-discharge rate relation is evident in the different slopes (m) of the regression 
lines shown in Fig. 5 (second row). The behaviour of the other synchronization index analysed (i.e., E) with 
discharge rate was very similar to that of CIS. Specifically, a positive correlation between E and discharge rate 
was found for 76% of the MU pairs. 
 
▬ FIGURE 5 about here ▬ 
 
 The effect of CoV_ISI on synchronization indices was also investigated individually for each MU pair, as 
shown in Fig. 6. There was a high variability in the behaviour of CIS with CoV_ISI among pairs of MUs. There 
was a greater number of MU pairs for which CIS and CoV_ISI were negatively associated (65% of the pairs). 
The negative relation between CIS and CoV_ISI was predominant among MU pairs that were tracked across 4 
and 5 contraction levels. The behaviour of the synchronous impulse probability (E) with CoV_ISI was very 
similar to that of CIS, with a negative correlation between E and discharge rate found in 62% of the MU pairs. 
 
▬ FIGURE 6 about here ▬ 
 
 
 The Pearson correlation coefficient (R) associated to the relation between CIS and discharge rate was 
calculated for each MU pair and then grouped into the histogram shown in Fig. 7(a). It can be seen that the 
distribution of Pearson coefficients was skewed to the left, with approximately 85% of the coefficients being 
positive, indicating that CIS usually increased with discharge rate. Likewise, the Pearson coefficient associated 
to the relation between CIS and the difference in discharge rate between motor neurons was calculated for each 
MU pair and then grouped into the histogram shown in Fig. 7(c). This histogram reveals that about 73% of the 
coefficients were positive, indicating that CIS was positively related to the difference in the discharge rate of the 
neurons. The correlation coefficients associated to the relation between CIS and CoV_ISI were also calculated 
and presented in the histogram of Fig. 7(b). For this relation, the correlation coefficient had a distribution 
skewed to the right, reflecting a slightly greater number of negative coefficients (65%). Although not presented 
here, the behaviour of the other synchronization indices (ρ and E) with the motor neuron properties (discharge 
rate, difference in discharge rate, and CoV_ISI) was similar to that observed for CIS. 
 
▬ FIGURE 7 about here ▬ 
 
 These results evidenced that the three measures of output correlation (ρ, CIS and E) had a significant positive 
dependence on discharge rate and on the difference in discharge rate between motor neurons, while a significant 
negative dependence on ISI variability. The results also show that these relations had a high variability among 
MU pairs. The large variability found is due to the fact that the output correlation also depends on the statistics 
of the input current, which varies among the pairs investigated. 
 
Analysis of pooled MU data 
 Changes in synchronization indices with discharge rate were also examined for the whole population of MUs, 
across all subjects and forces. Regression analysis performed upon the pooled data confirmed the positive 
correlation between the output correlation (ρ) and discharge rate [Fig. 8(a), R = 0.418, P < 0.001]. In agreement, 
both synchronization indices (CIS and E) were positively correlated with discharge rate (P < 0.001 and P = 
0.044, respectively). 
 
▬ FIGURE 8 about here ▬ 
 
 The pooled data analysis revealed a significant negative correlation between the synchronization indices and 
the coefficient of variation of ISIs [for ρ, R = -0.23, Fig. 9(a); for CIS, R = -0.27, Fig. 9(b); for SIP, R = -0.22, 
Fig. 9(b)]. However, no significant association was found between the synchronization indices and the 
difference in discharge rate between pairs of motor neurons [for ρ, R = 0.02 and P = 0.58; for CIS, R = -0.07 
and P = 0.32; for SIP, R = 0.03 and P = 0.64]. 
 
 
▬ FIGURE 9 about here ▬ 
 
 To further investigate the effect of discharge rate, ISI variability, and contraction strength on synchronous 
activity, we selected, for each MU pair, the ρ, CIS, and E values obtained at the lowest and highest discharge 
rate (Table 1, left column), lowest and highest force level (Table 1, central column), and lowest and highest 
CoV_ISI (Table 1, right column). As expected, the CIS and E indices were significantly greater when the MUs 
discharged at higher discharge rates, with stronger EMG activity, and at greater forces. In addition, slower 
discharge rates were associated with lower EMG and force values as well as greater ISI variability (CoV_ISI). 
 
▬ TABLE 1 about here ▬ 
 
 Multiple regression analysis revealed that almost 20% of the variance in CIS was explained by discharge rate 
and CoV_ISI (Table 2), but that the difference in discharge rate between pairs of motor neurons did not 
significantly influence CIS. Likewise, discharge rate and CoV_ISI together explained part of the variance of ρ 
and SIP (15% and 10%, respectively), while the difference in discharge rate of motor neurons did not influenced 
the two indexes (Table 2). 
 
▬ TABLE 2 about here ▬ 
 
 It is often believed that different normalizations lead to different behaviour of synchronization indices, e.g. as 
a function of discharge rate. However, when all data were pooled together, the three indices investigated showed 
very high positive correlation, ranging from 0.73 between E and ρ to 0.86 between E and CIS (Fig. 10). This 
result further indicates that normalization does not have a profound effect on the quantification of 
synchronization from the cross-histogram of MU pairs. The simple peak of the histogram (ρ) provides similar 
information as normalized values. 
 
▬ FIGURE 10 about here ▬ 
 
 The values of synchronization indexes obtained when using only the results of the automatic 
decomposition without manual exclusion of the erroneous discharges (decomposition errors) were not 
significantly different from those obtained after the decomposition errors were excluded (P>0.05). 
Moreover, the values of correlation between the MU synchronization indices and discharge rate and 




 The main findings of this study are: (1) the measures of output correlation investigated (ρ, CIS, and E) were 
positively related to discharge rate and negatively related to ISI variability; (2) individual analysis of MU pairs 
revealed that the behaviour of correlation measures with discharge rate (and ISI variability) varied greatly 
among MU pairs and that, for each MU pair, an increase in discharge rate was not always accompanied by an 
increase in the correlation measures; (3) despite the different normalization procedures for the indices analysed, 
their values were highly positively correlated across the conditions analysed. 
 
4.1 Dependence of motor unit synchronization on discharge rate and inter-spike interval variability 
 The analysis of individual MU pairs revealed that ρ, CIS, and E increased with discharge rate in 87, 85, and 
76% of the cases, respectively. This positive dependence was confirmed by the regression analysis across the 
whole MU population, which showed that discharge rate was positively related with all synchronization indices 
tested. These findings are in agreement with the theoretical formulations presented in section 2.1, which 
predicted that measures of output correlation should be proportional to the rate of increase of discharge rate with 
input current [the term (dDR/dμ)2 in Eq. (2)]. Therefore, the present results support our first hypothesis that 
discharge rate exerts a positive influence on output correlation measures and are in agreement with the findings 
by Schmied and Descarreaux (2010). 
 
 Previous works studying the behaviour of MU correlation measures as a function of discharge rate have 
yielded conflicting results. These discrepancies might be explained by differences in the experimental designs 
used. For example, in those studies where the subjects relied on audio-visual feedback of the MU firings to 
maintain a steady discharge rate, CIS was found to be independent on MU discharge rate (Nordstrom et al. 
1992; Schmied et al. 1993, 1994; Christou et al. 2007). This feedback approach, however, does not measure the 
natural behavior of motor units and may alter the natural firing properties (Mori, 1975; Kamen and Roy, 2000). 
In fact, under more natural physiological conditions (i.e., force output controlled without any feedback on the 
MU firing pattern), CIS was observed to increase with discharge rate (Türker and Powers 2002; Schmied and 
Descarreaux 2010; Negro and Farina 2012), in agreement with our results. Another factor that might have 
obscured the effect of discharge rate on correlation measures is the fact that, traditionally, synchronization 
analysis was based on data from MU pairs pooled from the same or different subjects. Since the level of 
synchronization vary greatly among different MU pairs (Bremner et al. 1991; De Luca et al. 1993), aggregating 
data from multiple MU pairs extracted from different subjects is likely to prevent the detection of a clear 
dependence of the correlation measures on discharge rate. For example, Schmied and Descarreaux (2010) did 
not observed any significant relation between E and discharge rate in pooled data whereas they identified this 
relation when the MUs were analysed individually. 
 
 Since the number of synchronous discharges depends on the total number of spikes in the spike trains of two 
MUs, a number of methods have been proposed to normalize the number of synchronous counts. The common 
 
purpose of these methods of normalization is to derive an index of synchronization that provides a quantitative 
measure of the shared input that is independent of the background discharge rate of the two MUs, that is, a more 
direct estimate of c [Eq. (1)]. As an example, Nordstrom et al. (1992) supported the view that the CIS index is 
mathematically independent of motor neuron discharge rate, which received further support from other 
experimental works (Schmied et al. 1993, 1994; Christou et al., 2007). Conversely, other authors claimed that 
the CIS index is actually, by definition, biased by discharge rate (Türker and Powers 2002; Fling et al. 2009; 
Schmied and Descarreaux 2010). These same authors argued that, since the E index represents the amount of 
synchronous firings per trigger, it should be independent of how fast the motor neuron “triggers”. However, by 
examining the changes in synchronization separately for each MU pair, we have demonstrated that both CIS and 
E are positively correlated with discharge rate. It is important to emphasize that any measure of correlation 
based on cross-correlograms (i.e., ρ, CIS, and E) can be seen as an estimate of the actual input correlation (c), on 
the basis of Eq. (2). However, as predicted by this equation, the output correlation (ρ) is related to the input 
correlation by the scaling factor S(DR), which depends non-linearly on the discharge rate. Moreover, in this 
scaling factor, discharge rate also varies with the input current. Consequently, the factor S(DR) cannot be 
eliminated from the relation between ρ and c. As a result, none of the normalization methods are effective in 
compensating for the factor S(DR) in Eq. (2). In addition, the factor S(DR) depends on the motor neuron 
investigated (because the statistics of the input current vary from neuron to neuron), which implies that 
normalized indices may work for some MU pairs but not for others. Further evidence that the different 
normalization methods did not influence the dependence of the estimated synchronization levels on the factors 
of influence is that a relatively high positive correlation between the three synchronization indices was found 
when all data were pooled together (Fig. 10). 
 
 Individual analysis of MU pairs also indicated a tendency for a negative correlation between estimates of 
synchronization and ISI variability. Further support for this negative relation comes from the regression analysis 
across the whole MU population. These results are in agreement with the theoretical predictions described in 
section 2.1, which show that the output correlation is inversely proportional to CoV_ISI. This observation is 
opposite to some previous studies that reported a positive association between CoV_ISI and both CIS and E 
(Nordstrom et al. 1992; Semmler et al. 2000). This discrepancy, however, may also be linked to differences 
between experimental protocols where subjects have feedback on MU activity (Datta and Stephens 1990; 
Nordstrom et al. 1992; Christou et al. 2007) and those where subjects receive feedback on force (Fling et al. 
2009: Schmied and Descarreaux 2010; Negro and Farina 2012). Moreover, there is an intrinsic variability of the 
results depending on the MU sample, as discussed in the following. 
 
4.2 Variability across MU pairs 
 By tracking individual MU pairs at different force levels we demonstrated that, although synchronization 
indices and discharge rate were positively correlated, an increase in discharge rate was not always paralleled by 
an increase in ρ, CIS, and E. This non-monotonic increase of correlation measures with discharge rate (and thus 
 
force) can also be appreciated in the study by Schmied and Descarreaux (2010). Importantly, we found that the 
variance in the relationship between output correlation and discharge rate was not explained by the difference in 
the discharge frequency of the neurons. Similarly, an increase in ISI variability was not systematically 
accompanied by a decrease in ρ, CIS, and E. Therefore, ρ, CIS, and E must depend on factors other than the 
discharge rate and CoV_ISI, such as the variance of the synaptic input current (σ), as predicted by the 
theoretical formulations. Indeed, it is most likely that in our experimental protocol the increases in voluntary 
drive induced changes in the statistics of the synaptic input current (and therefore in σ), in addition to changes in 
discharge rate and ISI variability. Since alterations in the amount of input current induced concurrent changes in 
discharge rate, CoV_ISI, and σ, it is reasonable to expect that synchronization indices did not vary 
monotonically with discharge rate and ISI variability, as indeed observed experimentally. 
 
 Another key observation of the present study is that the behaviour of ρ, CIS, and E with discharge rate and 
CoV_ISI varied greatly among MU pairs. This high variability in the relation between correlation measures and 
MU properties (discharge rate and CoV_ISI) is predicted by the theoretical formulations and is explained by the 
fact that correlation measures depends on the statistics of the input current, which are different for each motor 
neuron and thus for each MU pair. Additionally, motor neurons also differ in their intrinsic properties, which 
make the scaling factor S(DR) relating the output and input correlation [defined in Eq. (2)] to vary among pairs. 
Since the statistics of the input current and motor neuron intrinsic properties cannot be estimated in vivo, the 
factor S(DR) associated to each MU pair is unknown and, as a result, the variability in output correlation 
measures among MU pairs is large. 
 
4.3 Correlation of MU spike trains and common input 
 In the present study, we have demonstrated a relation between synchronization indices and discharge rate and 
its variability, indicating that the measures of output correlation are not dictated solely by the strength of 
common input. The non-monotonic increase of ρ, CIS, and E with discharge rate (observed for individual MU 
pairs) has given further support to the dependence of the output correlation on the statistics of the input current. 
Moreover, this dependence cannot be eliminated easily, as it is due to a limitation imposed by the low sampling 
frequency of alpha motor neurons (Negro and Farina, 2012). Therefore, the concurrent change of both input 
correlation and statistics of synaptic current would result in variations of the estimated output correlation, 
limiting the possibility of inferring definite conclusions about the strength of common synaptic input in pairs of 
motor neurons. This means that the output correlation between pairs of MU spike trains is not linearly related to 
the common input that the motor neurons receive. An important implication of this result is that an attempt to 
determine the relation between the input correlation and variables that change the discharge rate, such as force 
(Schmied and Descarreaux 2010), is challenging because it is not possible to distinguish between the variations 
of input correlation and statistics of the total synaptic currents. A second implication is that the measures of 
output correlation from pairs of MUs cannot be used to infer conclusions on the degree of common input that 
 
the respective motor neurons receive. Nonetheless, the presence of a significant output correlation indicates the 
necessary presence of common input. 
 
 The present results have emphasized the complexity of the relation between the output (measured) correlation 
and input (actual) correlation to motor neurons. This complexity underlines that inferring the strength of 
common input (or the amount of anatomical connections shared by motor neurons) from output correlation 
measures is not possible. This conclusion is different from stating that synchronous MU firing instances are not 
caused by common inputs, as argued by De Luca and Kline (2016). We argue that the observation of a 
statistically significant correlation between MU firings indicates the presence of common input and that, 
conversely, the absence of significant correlation between spike trains of a proportion of MU pairs does not 
necessarily implies the absence of common input (Boonstra et al., 2016). The latter claim is based on the fact 
that common input may not necessarily determine correlated firings in some MU pairs due to the non-linearity 
of the relation between output and input correlation. 
 
 Finally, it should be emphasized that the correlations found between ρ and the two normalized indices studied 
(CIS and E) were high (>0.7), indicating that a direct measure of the magnitude of the peak of the cross-
correlation histogram was closely related to other (more sophisticated) normalized measures of such peak. In 
addition, our data showed that the dependence of ρ on discharge rate and ISI variability was essentially similar 
to the dependence of CIS and E on these MU properties. Taken together, these findings suggest that ρ provides 
similar information as normalized indices. 
 
 
 In conclusion, we have demonstrated that measures of output correlation estimated from motor unit spike 
trains (in particular, the raw output correlation, the common input strength, and the synchronous impulse 
probability) were positively related to discharge rate and negatively related to inter-spike interval variability, 
with a large variability in these relations. Moreover, analysis of individual motor unit pairs showed that output 
correlation measures were not linearly related with discharge rate, and that the behaviour of these output 
correlation measures with discharge rate varied greatly among MU pairs. Collectively, these results indicate 
that, despite the synchronization between motor unit firing trains is necessarily caused by the common input to 
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Discharge rate (pps) Discharge rate (pps)
(b) (c)R = 0.433 
P < 0.001



































































































































R = -0.231 
P = 0.001
R = -0.278 
P < 0.001



















































E (impulse/trigger) E (impulse/trigger)
(b) (c)R = 0.73 
P < 0.001














































  Min vs. Max discharge rate  Min vs. Max force 
 
Min vs. Max CoV_ISI 
Parameters  Minimum Maximum P-value  Minimum Maximum P-value 
 
Minimum Maximum P-value 
EMG RMS (mV)  1.1 (0.3) 3.2 (0.5) <0.001  1.1 (0.3) 3.3 (0.4) <0.001  2.8 (0.5) 1.6 (0.4) <0.001 
Flexion force (N)  21.2 (3.1) 57.4 (4.5) <0.001  20.5 (3.4) 58.9 (4.9) <0.001  53.4 (4.4) 23.7 (3.6) <0.001 
Discharge rate (pps)  12.85 (1.78) 16.52 (2.29) <0.001  12.99 (1.71) 16.47 (2.30) <0.001  15.29 (1.85) 14.27 (2.97) 0.018 
CoV_ISI (%)  18.1 (3.6) 16.3 (3.1) 0.007  17.8 (3.4) 16.4 (3.2) 0.023  15.1 (2.5) 18.5 (3.4) <0.001 
Peak width (ms)  9.56 (3.2) 8.73 (3.2) 0.212  9.25 (3.0) 9.06 (3.3) 0.775  8.01 (3.3) 9.35 (3.2) 0.019 
ρ  14.3 (2.1) 25.7 (2.9) <0.001  14.9 (2.3) 26.8 (2.7) <0.001  19.8 (2.3) 18.8 (2.5) 0.002 
CIS (impulse/s)  0.46 (0.27) 0.70 (0.27) <0.001  0.50 (0.34) 0.67 (0.33) <0.001  0.66 (0.26) 0.58 (0.32) 0.097 
























MULTIPLE REGRESSION ANALYSIS 
DEPENDENT 
VARIABLES 
ρ CIS SIP 
Determination coefficient (R2)  0.158 0.196 0.103 
     
INDEPENDENT VARIABLES     
Discharge rate P-value <0.001 <0.001 0.022 
CoV_ISI P-value 0.048 0.023 0.043 
Difference in discharge rate between 
motor neurons 








Fig. 1 Schematic diagram of the relation between the output correlation, calculated from the output spike trains 
of two MUs (ρ), and the independent and common input (c) currents driven to two motor neurons (MNs). The 
symbol σ represents the standard deviation of the input current. 
 
Fig. 2 (a) Time plots of surface electromyographic (sEMG) recordings resulting from 60-s isometric 
contractions of the biceps brachii at five contraction forces. Two motor units (MU1 ● and MU2 ○) were 
detected and tracked across the five contraction levels. The time plots of the discharge rates of MU1 and MU2 
during the above contraction intervals are shown in (b) and (c), respectively. The intramuscular potential 
associated to each firing train is shown above each plot. Discharge rate increased with contraction strength (e). 
For each contraction level, the cross-correlation histogram (and the associated CUSUM diagram) between the 
firing trains of MU1 and MU2 were built (d) to determine the degree of synchronization (evaluated in this 
example by the common input strength, CIS) between these MUs. The synchronization index analysed 
(common input strength, CIS) tended to increase with discharge rate (f) and to decrease with the coefficient of 
variation of the interspike-intervals (CoV_ISI) (f). 
 
Fig. 3 Lines representing the changes in discharge rate (a) and coefficient of variation of the interspike-interval 
(CoV_ISI) (b) as a function of force level for the 48 pairs of MUs. Lines in (c) represent the changes in EMG 
RMS with force level for the 10 subjects. 
 
Fig. 4 Lines representing the changes in output correlation (ρ) as a function of discharge rate (upper panels) and 
the coefficient of variation of the interspike-interval (CoV_ISI) (lower panels) for 48 pairs of MUs. Each line 
connects, for a given MU pair, the ρ values obtained at different discharge rates. Plots in the first, second, and 
third columns contain the lines of MU pairs tracked across 3, 4, and 5 force levels, respectively. 
 
Fig. 5 Upper panels - Lines representing the changes in common input strength (CIS) with discharge rate for 48 
pairs of MUs. Each line connects, for a given MU pair, the CIS values obtained at different discharge rates. 
Plots in the first, second, and third columns contain the lines of MU pairs tracked across 3, 4, and 5 force levels, 
respectively. Lower panels – Linear regression lines of best fit calculated from the above CIS-discharge rate 
data. 
 
Fig. 6 Upper panels - Lines representing the changes in common input strength (CIS) with the coefficient of 
variation of the interspike-interval (CoV_ISI) for 48 pairs of MUs. Each line connects, for a given MU pair, the 
CIS values obtained at different CoV_ISI. Plots in the first, second, and third columns contain the lines of MU 
pairs tracked across 3, 4, and 5 force levels, respectively. Lower panels – Linear regression lines of best fit 
calculated from the above CIS-CoV_ISI data. 
 
 
Fig. 7 Histograms of the Pearson correlation coefficient (R) obtained from the relationships between the CIS 
index and discharge rate (a), between the CIS index and the interspike-interval variability (CoV_ISI) (b), and 
between the CIS index and the difference in discharge rate between pairs of motor neurons (c) calculated from 
48 MU pairs. 
 
Fig. 8 Pooled values of output correlation, ρ (a), common input strength, CIS (b), and synchronous impulse 
probability, E (c), obtained from the 48 MU pairs plotted as a function of discharge rate. The straight line 
represents the linear regression line of best fit associated with the coefficient of correlation (R) level significance 
(P). 
 
Fig. 9 Pooled values of output correlation, ρ (a), common input strength, CIS (b), and synchronous impulse 
probability, E (c), obtained from the 48 MU pairs plotted as a function of the coefficient of variation of the 
interspike-interval (CoV_ISI). The straight line represents the linear regression line of best fit associated with 
the coefficient of correlation (R) level significance (P). 
 
Fig. 10 Scatter plots of output correlation vs common input strength (ρ vs CIS, a), output correlation vs 
synchronous impulse probability, (ρ vs E, b), and common input strength vs synchronous impulse probability, 
(CIS vs E, b) obtained from the 48 MU pairs. In each plot, the straight line represents the linear regression line 
of best fit associated with the coefficient of correlation (R) level significance (P). 
 
Table 1. Mean (SD) values of EMG amplitude, force, discharge rate, peak width of the cross-correlogram, 
common input strength (CIS), and synchronous impulse probability (E) measured at minimum and maximum 
discharge rates (left) and at minimum and maximum force levels (centre), and minimum and maximum 
coefficient of variation of the interspike-interval (CoV_ISI) (right). 
 
Table 2. Results of multiple regression analysis to explain variation in synchronization indices: dependent 
variables = ρ, CIS, and E; independent variables = discharge rate, CoV_ISI, difference in discharge rate of 
motor neurons. 
